Introduction 51 52
Industrialization and urbanization along the coastline of the US have substantially increased 53 the amount and variety of anthropogenic pollutants entering estuarine ecosystems. Among the 54 most common of these contaminants, heavy metals are of particular concern because they persist 55 in the environment and have a wide variety of adverse effects. Developing biomarkers and 56 predicting effects of contaminant mixtures, has garnered much attention in both human health 57 and ecological risk assessments (Carpenter et al. 2002; Yang et al. 2007 ; Wang et al. 2008) with 58 the general recognition that the relationship among these mixture components and their 59 biological effects is both intricate and complex (Sexton et al. 2007 ). For heavy metal mixtures 60 this complexity is driven in part by the fact that many of these metals interact with a wide but 61 common set of cellular targets, but may differ in affinity for these targets by many orders of 62 magnitude (Viarengo 1989a) . 63 We hypothesized that the relationship among heavy metals and their physiological effects 64 might be detected and modelled using a combination of linear and artificial neural network 65 To test this hypothesis, we characterized the physiological effects of environmentally-70 relevant low-dose mixtures of Cu, Cd, and Zn (Sanger et al. 1999) , either alone or in 71 combination for periods from 1 -27 days, in the Eastern oyster, Crassostrea virginica. This 72 ecologically and economically important bivalve mollusc lives in close association with 73 estuarine sediments where its sessile nature and filter-feeding habit maximize the accumulation 74 of contaminants in their tissues in concentrations high above those found in the surrounding 75 seawater (Jenny et al. 2002) . 76
In oysters, as in other organisms, Cu, Cd and Zn exist as divalent cations which are free or 77 complexed to different classes of biological ligands. Cd is a trace metal with no known 78 biological function, while Cu and Zn are essential elements and, as such, are required to maintain 79 cellular homeostasis. In oysters, the gill and the hepatopancreas (digestive gland) are the 80 primary tissues involved in the accumulation and detoxification of heavy metals, such as Cu, Zn 81 and Cd (Marigómez et al. 2002; Sokolova et al. 2005) . Heavy metals enhance the intracellular 82 formation of toxic reactive oxygen species (ROS) (Stohs et al. 1995b ; Ringwood et al. 1998 ; 83 Geret et al. 2002b ; Dailianis et al. 2005 ). Thus, metal-binding proteins and antioxidant enzymes, 84 such as glutathione (GSH) and metallothioneins (MTs) are important detoxification elements that 85 are induced to maintain the balance between pro-and antioxidative systems in cells (Dovzhenko 86 et al. 2005 ). Indeed, studies have shown that surplus ROS can alter the structure of cell 87 membranes by stimulating the peroxidation of membrane lipids. Thus, for the present study, 88
120
One day prior to the start of the experiment, 4 oysters were placed in each of 54 five L 121 beakers. Beakers contained four L of well-aerated filtered (0.45 µm) seawater maintained at 25 122 ppt salinity and 18  1 °C. At the start of the 27 day experiment (Day 0), beakers were dosed 123 with single or multiple metals at environmentally relevant doses (Table 1) : Cd (0.001 -0.400 124 M), Zn (0.001 -3.059 M) or Cu (0.002 -0.787 M). Thereafter, the seawater in each beaker 125 was routinely exchanged every second day, at which time metals were replenished in each 126 beaker to their predetermined concentrations, and algal suspension added to facilitate metal 127 uptake by the oysters. Food was withheld from oysters at least 24 h before they were sampled. 128
Sampling of oysters began on day 1 of the 27 day metal study, with 1 oyster sampled per day 129 from each of 8 beakers. Sampling began with beaker number one and continued to beaker 54, 130 then back to beaker one, continuing for 27 days until all 216 samples had been exhausted. The 131 study design was not consistent with a typical dose-response model based on linear statistics; 132 instead this design generated 216 individual treatments that ultimately could be analyzed by 133
ANNs. A total of 8 animals were found dead or moribund at the time of sampling; these oysters 134
were not associated with any particular dosing regimen and were excluded from the study. 135
Each sampled oyster was blotted dry with a paper towel and weight, length, and width were 136 recorded. Hemolymph (2 separate samples) was sampled anaerobically from the adductor 137 muscle of each oyster using a 1 mL glass syringe fitted with a 23-ga needle. The dead space in 138 the needle and syringe was filled with nitrogen-saturated distilled water to reduce contamination 139 of the sample by atmospheric oxygen; the syringe was placed on ice prior to sampling. To gain 140 access to the adductor muscle, the shell of the oyster was quickly notched along the posterior 141 margin using pliers, exposing the muscle. Immediately following hemolymph withdrawal, 142 oysters were placed on ice for dissection and tissue processing. Specific procedures are 143 described below. 144 145
Quantification of total hemocyte count (THC) and culturable bacteria in hemolymph 146

147
Approximately 0.5 mL of hemolymph was withdrawn from the adductor muscle of each 148
oyster. An aliquot of this sample was fixed with neutral buffered formaldehyde and hemocytes 149 counted with a hemocytometer (Macey et al. 2008 ). For total counts of culturable bacteria, a 150 second aliquot of the original hemolymph sample was overlayed in marine agar on TSA 151 supplemented with 2.0% NaCl; for total culturable Vibrio, a second 100 L aliquot of 152 hemolymph was overlayed in marine again and cultured on TCBS agar supplemented with 1.5% 153 NaCl (Macey et al. 2008 Lipid peroxidation (LPx) in the gill and hepatopancreas of C. virginica was measured 179 using a colorimetric assay that quantifies lipid degradation products based on the formation of 180 total thiobarbituric acid reactive substances (TBARS) with malondialdehyde (TBARS) as the 181 standard (Ringwood et al. 1999b ). GSH concentrations of individual oyster tissues were 182 determined using the glutathione reductase recycling assay described by Ringwood et al. 183 (1999b replacing the raw values with their rank/n (n = total data points) to overcome scale differences. 222
The transformed data were then divided into two sets by random allocation; one comprising 90% 223 of the records to train the ANN, while the remaining data were used as a cross validation (CV) 224 set. A new subset of data was randomly selected before training each ANN to avoid bias in the 225 selection of the CV set. Each ANN was first trained using both the input and output data of the 226 training set, which consisted of 187 data points from each of the input and output variables. To 227 prevent over training the ANNs, an early stopping procedure (Almeida 2002 ) was employed. 228
After each ANN was trained, the withheld data points from the CV set were analyzed to evaluate 229 the predictive capabilities of the ANN. In essence, this was achieved by calculating the R-230 squared (R 2 ) values for the outputs of each ANN and the observed values of the accompanying 231 CV sets, and comparing the CV set predictions with those generated by the appropriate ANN. 232
Next, the impact of each input variable (hemolymph pH, total CO 2 , PO 2 , tissue Cu, Cd, Zn) was 233 examined by computing the sensitivities of the outputs to changes in the inputs (Heshem, 1992) 234 for all ANNs in which the model and CV set R 2 value were greater than the median value for all 235 30 ANNs. The interactions of the inputs on the outputs were examined using a derivative of the 236 approach of Cannon and McKendry (2002) , where the two variables with the highest sensitivities 237 were allowed to vary in 5% increments over the scaled range and all other input variables were 238 held to their mean (50%) values. These 'artificial' data were then fed to the ANN models with 239 wet weight tissue) were 247 higher in the hepatopancreas than in the gills of oysters exposed to metals (one-way ANOVA; P 248 < 0.001, < 0.001, = 0.003 and for Cu, Cd and Zn, respectively). Furthermore, basal 249 concentrations of Cu and Zn were noticeably higher and more variable in the gills and the 250 hepatopancreas when compared to basal Cd concentrations (P < 0.001). Tissue levels of the 251 essential metals Cu and Zn were independent of the ambient water concentrations of the metals 252 over the entire range of exposures (Fig. 1A, B) . In contrast, cadmium, a non-essential metal, was 253 the only metal that accumulated linearly with time in the gill (r = 0.828; P < 0.001) and the 254 hepatopancreas (r = 0.793; P < 0.001) over the full range of Cd exposure concentrations ( exposures and physiological measurements in oysters (data not shown). In contrast, tissue 273 concentrations of individual metals were associated with several physiological measurements 274 (Fig. 3A, B) , most notably TBARS. In the gill, Cu (r = 0.527, P < 0.001), Cd (r = 0.204, P = 275 0.0032) and Zn (r = 0.256, P < 0.001) correlated positively with TBARS, as did Cu (r = 0.618, P 276 < 0.001) and Zn (r = 0.247, P < 0.001) in the hepatopancreas. By comparison, metal associations 277 with GSH were mixed. In the gill only Cu (r = 0.203, P = 0.0033) but not Zn or Cd positively 278 correlated with antioxidant GSH, while both Cd (r = −0.149, P < 0.001) and Zn (r = −0.95, P = 279 0.0049) in the hepatopancreas were negatively associated with GSH in that tissue. 280
Several other significant correlations were noted (Fig. 3A, B 
Artificial neural network analysis (ANN). 294 295
Because interactions among the metals were detected by linear analysis, ANNs were used 296 to explore these interactions in predicting LPx (measured as TBARS) in contrast to predicting 297 GSH in the hepatopancreas and gill. The three respiratory measurements hemolymph pH, total 298 CO 2 and PO 2 were included as input variables because the two acid-base components (pH, total 299 CO 2 ) responded to tissue contents of all three metals. ANN models could more reasonably 300 predict hepatopancreas than gill TBARS based on the metal content of the respective tissues. 301
The mean R 2 value for hepatopancreas TBARS over all the ANN models was 0.50 ± 0.11 (Mean 302 ± SD, n = 30), with some of the values approaching 0.7 (Table 3) . By comparison, the mean R 2 303 value for gill TBARS over all models was 0.35 ± 0.11 (Table 4) . Similarly, the cross-validation 304 R 2 values for models predicting TBARS were 0.53 ± 0.14 ( the mean in each model were smaller for the hepatopancreas than for the gills (Tables 3, 4) . 309
In contrast, GSH in both the gills and the hepatopancreas was poorly predicted by the 310 input variables used for ANN modelling. The mean R 2 values for predicting GSH were only 311 0.07 ± 0.06 (Table 3 ) and 0.14 ± 0.11 (Table 4) for the gills and the hepatopancreas, respectively. 312
Likewise, the mean cross-validation R 2 values and their variances for models predicting GSH in 313 both tissue types were very low (Tables 3, 4) . 314
A sensitivity analysis was conducted for the top performing ANNs to determine the 315 contribution of each of the 6 input variables [hemolymph pH, total CO 2 , PO 2 , and tissue (gill or 316 hepatopancreas) Cu, Cd or Zn] to the overall variance observed in each model predicting tissue 317 TBARS. As GSH was poorly predicted by all ANN models in the present study, a sensitivity 318 analysis was not conducted for these models. The best performing ANNs had model and cross-319 validation R 2 values greater than the median value for all 30 ANNs. Models 6 and 7 were chosen 320 from the ANNs predicting hepatopancreas TBARS (Table 3) , while Model 8 was chosen from 321
ANNs predicting gill TBARS (Table 4 ). Sensitivity analysis reveals that in the hepatopancreas, 322 the partial pressure of oxygen (PO 2 ) in the hemolymph is a dominant variable in both models 323 (Fig. 4) . Model 6 has the larger mean R 2 value. Model 7 has the larger cross-validation R 2 value 324 and a smaller number of nodes (Table 4 ) and in most cases we would choose Model 7 over 6 for 325 these reasons. However, as Model 6 indicates that Cu is more important than Zn in predicting 326
TBARS (indicating LPx) and as this model confirms findings from the linear statistical analysis, 327
we would suggest that this is the preferred ANN model. Model 6 suggests that LPx in the 328 hepatopancreas is more sensitive to changes in tissue Cu and Cd, and to hemolymph PO 2 , than to 329 any of the other measured variables (Fig. 4) . 330
Sensitivity analysis indicated that each of the input variables contributed to the overall 331 variance observed in Model 8 in predicting gill TBARS (Fig. 5) . In the gill, as in the 332 hepatopancreas, it is clear that the degree of oxidative membrane damage is more sensitive to 333 changes in tissue Cu than to other input variables, but hemolymph pH, total CO 2 and PO 2 also 334 make strong contributions to predicting TBARS. Moreover, summed Cu, Zn and Cd 335 concentrations in both tissues appear to make significant contributions towards the overall 336 variance observed in each model, emphasizing the cumulative detrimental effects of these metals 337 on membrane integrity. 338
The interactions of the more sensitive input variables (tissue Cu, hemolymph pH and 339 hemolymph PO 2 ) in predicting TBARS in the gills and the hepatopancreas were graphically 340 illustrated (Fig. 6A, B) using a modified form of the sensitivity analysis described by Cannon 341 and McKendry (2002) . Oxidative damage in the gill (TBARS) increased as hemolymph pH and 342 tissue Cu concentrations increased and the effects are non-linear, but not strongly so (Fig. 6A) . 343
Similarly, hepatopancreas TBARS increased with increasing PO 2 in the hemolymph and with 344 hepatopancreas Cu (Fig. 6B) . These graphical surfaces clearly suggest complex, non-linear 345 interactions between tissue Cu content and hemolymph pH or PO 2 in predicting tissue TBARS. 346
Furthermore, the overall TBARS response is consistent with an increasingly oxidative 347 environment. 348 (Fig. 6 ). To our knowledge, 357 this is the first study to show important metal-metal interactions as well as interactions of metal 358 content with hemolymph gas and acid-base chemistry in predicting membrane damage in 359 molluscs. It is particularly noteworthy that where low tissue Cu is accompanied by low pH or 360 low PO 2 both hepatopancreas and gill manifest the lowest predicted level of TBARS, while in 361 those tissues with high Cu content along with high pH or high PO 2, the reverse is observed (Fig.  362   6 ). This is in keeping with our understanding of the response of TBARS to redox conditions, 363 and the overall topography of the predicted response clearly suggests a non-linear interaction 364 between metal content, hemolymph acid-base variables and TBARS. The contributions of 365 hemolymph variables to the predictive power of the ANN models as observed in the present 366 study could be explained by changes in ventilation rate of oysters as function of metal exposure 367 or tissue burden, as reported for tropical oysters Crassostrea belcheri exposed to Cu (Elfwing et 368 al. 2002) . Alternatively, tissue metal burdens may be limited by ventilatory activity in bivalves 369 as reported for Cd uptake in the Asiatic clam, Corbicula fluminea (Massabuau et al. 2003) . 370
Certainly, the resulting changes in gas exchange and acid-base physiology of oysters could 371 influence a variety of biochemical processes, including the deposition of shell that is essential to 372 oyster growth (Booth et al. 1984; Burnett 1988) . 373
While linear regrssion techniques can generate response-surface plots , they cannot 374 interrogate non-linear dynamics similar to those in Fig 6 without human intervention specifying  375 the strucuture of the relationships. The advantage of the ANN's is that the mathematical 376 architecture is infinitely flexible and does not require human intervention (eg. bias). The various 377 models produced by the analysis are not viewed as solutions, but rather as hypotheses of 378 relationships amenable to further empirical tests. 379
In the present study, Cu, Zn and Cd tissue contents correlated with significant changes in 380 LPx, as measured by elevated tissue levels of total TBARS. The influence of transition metals 381 such as Cu on oxidative processes, resulting in the production of oxyradicals, has been described, 382
and it is suggested that cupric ions are involved in both the initiation and propagation steps of 383 LPx (reviewed by Viarengo 1989a). In fact, increases in LPx following exposure to Cu have 384 been documented in the hard clam Ruditapes decussatus (Roméo et al. 1997 
), the Eastern oyster 385
Crassostrea virginica (Ringwood et al. 1998) , and the mussels Mytilus galloprovincialis 386 (Viarengo et al. 1990 ) and Mytilus edulis (Geret et al. 2002a ). While excess Cu can mediate free 387 radical production directly via redox cycling, oxyradicals may also be formed indirectly via 388 cupric ions binding to and adversely affecting metal-requiring antioxidants, such as GSH and 389
MT (Ringwood et al. 1999a; Valko et al. 2005 ). In fact, it has been strongly suggested that there 390 are multiple processes that bind copper and reduce its cellular toxicity (Valko et al. 2005) . 2004). The inverse association of Zn and Cd with GSH in the hepatopancreas observed in our 397 study supports the idea that GSH provides early protection against oxidative stress from 398 exposure to these metals, by binding of these metals to GSH or inhibition of GHS synthesis by 399 these metals, until MTs can be induced (Quig 1998; Ringwood et al. 1998) . That this effect was 400 not noted for Cu in this study supports the notion that Cu ions, which can undergo redox cycling, 401 are involved in both the initiation and propagation steps of LPx via the direct formation of 402 reactive oxygen species, whereas Cd and Zn ions, which do not undergo redox cycling, stimulate 403
LPx indirectly by binding to and inhibiting cellular antioxidants, such as GSH (Viarengo 1989a) . 404
This does not however exclude the possibility of the formation of Cu-GSH complexes, 405 particularly since -SH groups of most metabolites and enzymes, including GSH, have a higher 406 affinity for Cu than Cd or Zn (Viarengo 1989b ). In fact, the discovery that the upper limit of 407 "free" pools of Cu are far less than a single ion per cell strongly suggests that there is significant 408 overcapacity for chelation of Cu in the cell and that multiple cellular antioxidants exist that bind 409 
